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phasizes	 a	 graphical	 representation	 of	 estimates	 and	 confidence	 intervals	 for	 the	
ratio	of	mean	abundances	for	the	GM	plant	and	its	comparator	crop.	Interpretation	
relies	mainly	on	equivalence	testing	in	which	confidence	intervals	are	compared	with	
the	 limits	of	concern.	The	proposed	methodology	 is	 illustrated	with	entomological	
count	data	resulting	from	multiyear,	multilocation	field	trials.	A	cisgenically	modified	
potato	 line	 (with	enhanced	 resistance	 to	 late	blight	disease)	was	 compared	 to	 the	
original	conventional	potato	variety	in	the	Netherlands	and	Ireland	in	two	successive	
years	(2013,	2014).	It	is	shown	that	the	protocol	encompasses	alternative	schemes	
for	 safety	 assessment	 resulting	 from	 different	 research	 questions	 and/or	 expert	
choices.	Graphical	displays	of	equivalence	testing	at	several	hierarchical	 levels	and	
their	 interpretation	 are	 presented	 for	 one	 of	 these	 schemes.	 The	 proposed	 ap-
proaches	should	be	of	help	in	the	ERA	of	GM	or	other	novel	plants.
K E Y W O R D S
environmental	risk	assessment,	equivalence	test,	hierarchical	analysis,	limit	of	concern,	
multicriteria	decision	analysis,	overdispersed	Poisson
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1  | INTRODUC TION




guidance	on	 the	design	of	 field	 experiments	 and	 subsequent	data	
analysis	to	assess	potential	environmental	impacts.	In	field	studies,	
one	of	 the	main	 questions	 is	whether	 the	GM	organism	 (GMO)	 is	
substantially	 equivalent	 to	 a	 comparator	 (CMP)	 when	 considering	
biodiversity	as	represented	by	assemblages	of	nontarget	organisms	
(NTOs)	 linked	 to	 the	 receiving	 agro‐ecosystem.	 This	 comparative	









case	 studies.	For	example,	 the	Guidance	states	 that	 “it	 is	essential	
to	specify	for	each	variable	studied	a	minimum	effect	size	which	is	




















identification	 of	 arthropods	 depends	 on	 the	 specialized	 expertise	
that	 is	 available	 locally.	 It	may	 therefore	 be	 preferable	 to	 analyze	
NTO	 abundances	 in	 terms	 of	 functional	 categories	 or	 guilds,	 but	
without	 losing	 attention	 for	 important	 individual	 indicator	 taxa	 at	
specific	locations.	A	hierarchical	analysis	to	deal	with	such	issues	is	
therefore	needed.	A	proposal	 for	 a	 framework	 for	hierarchical	 as-
sessment	is	given	in	this	paper.
A	 statistical	 analysis	 of	 comparative	 field	 trials	 comes	 in	 two	
flavors:	 difference	 testing	 and	 equivalence	 testing.	Most	 research	
intends	 to	 find	 differences	 between	 treatments	 or	 groups,	 and	
the	 null	 hypothesis	 of	 the	 usual	 statistical	 tests	 states	 that	 group	




rejecting	 the	null	 hypothesis	 that	 the	difference	between	 the	GM	
plant	and	its	comparator	exceeds	a	limit	of	concern	(LOC).	Rejection	
of	 this	 nonequivalence	 hypothesis	 implies	 that	 the	 difference	 is	
smaller	than	the	LOC,	and	this	can	be	considered	as	a	proof	of	safety	
(Bross,	 1985;	 Hothorn	 &	Oberdoerfer,	 2006;	Millard,	 1987;	 Perry	
et	al.,	2009).	The	advantages	of	using	the	equivalence	concept	for	





















1.1 | Research questions and a 
hierarchy of endpoints
When	 designing	 an	 experiment,	 it	 is	 essential	 to	 have	 a	 clear	 de-
scription	of	the	research	questions	at	hand	and	the	proposed	meth-
odology	 to	 answer	 these	questions.	 For	 an	operational	 procedure	
concerning	NTOs	in	a	GM	crop	field	trial,	it	is	necessary	to	specify	










both.	The	 logical	 tree	 also	 shows	 further	 integration	of	 endpoints	












1.	 preprocessing	 of	 the	 data,	 for	 example,	 logarithmic	 transfor-
mations,	 but	 also	 integration	 steps	 such	 as	 summing	 pitfall	
trap	 catches	 over	 all	 time	 points	 in	 the	 field	 season;



























































taxon per mepoint, 10 taxa, 7 me-points, e.g.,
• Carabidae, 13 June
• Collembola, 27 August
Data per taxon, e.g.,
• Carabidae
• Collembola
Effect per taxon, e.g.
• Carabidae
• Collembola




Data per taxon per mepoint, 10 taxa, 7 me-points, e.g.,
• Carabidae, 13 June
• Collembola, 27 August
Effects per taxon per mepoint, e.g.,
• Carabidae, 13 June
• Collembola, 27 August
Equivalence per taxon, e.g.
• Carabidae
• Collembola















are	 analyzed	 at	 the	 time	 points	 level,	 and	 application	 of	 EAall	 in	
two	steps	now	requires	that	the	observed	effects	at	all	time	points	






























et	 al.,	 2009).	The	most	 common	approach,	which	we	will	 also	 fol-
low	in	this	paper,	is	two	one‐sided	tests	(TOST)	approach,	where	a	















(e.g.,	 Legendre	&	 Legendre,	 1998;	 Perry,	 Rothery,	 Clark,	Heard,	&	
Hawes,	2003;	van	der	Voet	&	Goedhart,	2015).	This	has	often	 led	
researchers	 to	 omit	 low‐abundance	 data	 from	 their	 analyses	 (e.g.,	
Prasifka	 et	 al.,	 2008).	 Rare	 taxa	 are	 generally	 perceived	 to	 be	 of	
minor	concern	for	ecological	functions	that	can	also	be	performed	
by	more	abundant	 taxa	 (Lyons,	Brigham,	Traut,	&	Schwartz,	2005;	
Rosenfeld,	 2002).	 Therefore,	 rare	 taxa	 are	 generally	omitted	 from	
the	analysis,	but	this	raises	the	question	of	what	criteria	should	be	


























generalized	 confidence	 interval	 for	 the	 ratio	 (Krishnamoorthy	 &	
Mathew,	2003),	and	this	approach	is	outlined	in	Goedhart	and	van	
der	Voet	 (2014).	 In	 other	 fields	 of	 ecological	 research,	 counts	 are	
statistically	 analyzed	 by	 log‐linear	 models	 which	 rely	 on	 distribu-
tions	specific	for	count	data	such	as	the	Poisson,	the	overdispersed	
Poisson	 (or	 quasi‐Poisson),	 and	 the	 negative	 binomial	 distribution	
(McCullagh	&	Nelder,	1989).	Log‐linear	models	for	ecological	count	
data	have	been	advocated	for	many	years,	see,	for	example,	Sileshi	
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(2006),	Ver	Hoef	and	Boveng	(2006),	O'Hara	and	Kotze	(2010),	Szöcs	
and	Schäfer	(2015),	and	Warton	(2018).	Such	models	provide	a	direct	
estimate	 of	 the	 log‐ratio	 of	 the	means	 of	 the	GMO	and	 the	CMP	
making	equivalence	 testing	 straightforward.	 In	 a	 simulation	 study,	
Goedhart	 and	 van	 der	 Voet	 (2014)	 found	 that	 the	 transformation	
approach	has	good	properties	when	it	comes	to	difference	testing	




data	 are	 simulated	 according	 to	 other	 count	 distributions.	 Based	
on	 these	 simulations,	 statistical	 analysis	 according	 to	 the	 overd-




2.2 | Adapted limits of concern for count 




























spective	 sample	 means.	 Suppose	 that	 𝜇1=𝜇2=𝜇<𝜇0.	 The	 large	
sample	variance	of	log(Xm/Ym)	then	equals	2/(nμ).	Consequently,	the	


















2.3 | Confidence intervals versus tests, 
graphical summaries
Often	the	final	aim	of	an	NTO	study	is	implicitly	framed	as	testing	
hypotheses	 about	unintended	differences.	This	 is	 then	presented	
as,	for	example,	tables	of	means	with	indications	of	nonsignificant	
differences	 (e.g.,	Al‐Deeb	&	Wilde,	 2003;	Duan,	Head,	 Jensen,	&	
Reed,	2004).	However,	this	way	of	presentation	obscures	the	mag-
nitude	of	the	observed	differences,	the	precision	of	these	estimates	
and	 the	 criteria	 (limits	 of	 concern)	 against	 which	 the	 differences	
should	be	 interpreted.	More	 insight	 is	provided	by	presenting	the	














The	 scaled	 dimensionless	measure	 is	 called	 the	 LoC‐scaled	 differ-
















































2.4 | Summarizing over different dimensions















For	 each	 integration	 step,	 there	 are	 in	 principle	 three	method	
types	for	summarizing:








These	 three	method	 types	 are	 ordered	 in	 the	 sense	 that,	 for	
example,	Method	 type	2	can	only	be	 followed	by	Method	 type	2	
or	3	 in	the	next	 integration	step.	We	further	distinguish	between	
various	forms	of	data	analysis.	 In	the	hierarchies	A	and	B	given	in	
Figure	 2,	 the	 statistical	 analysis	 (SA)	 estimates	 effects	 from	 data	
without	 further	 integration:	 In	 hierarchy	 A,	 data	 per	 taxon	 were	














effect	 is	 then	 simply	 the	weighted	average	of	 the	 individual	 effects,	
in	which	 the	 individual	variances	are	used	as	weights.	The	 “random”	
version	on	 the	other	hand	allows	 for	heterogeneity	of	 the	 individual	
effects	by	introducing	a	between	individuals	component	of	variance.	
Residual	maximum	likelihood	(REML)	can	then	be	used	to	estimate	the	




F I G U R E  4  Possible	routes	for	integration	over	space,	time,	and	
taxa	in	environmental	risk	assessment



























2.5 | A protocol for the statistical equivalence 
analysis of NTO effects
In	this	section,	we	present	a	protocol	for	the	statistical	analysis	of	





1.	 When	 the	 experiment	 was	 designed,	 a	 list of NTO endpoints 


































TA B L E  1  Elements	of	the	hierarchy	for	
data	analysis	and	integration	of	
equivalence
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a	 hierarchy,	 see,	 for	 example,	 Figure	 1.	 This	 list	 may	 include	
taxa	 which	 may	 or	 may	 not	 be	 present	 under	 the	 conditions	
of	 the	 experiment.	 If	 necessary,	 update	 the	 list	 with	 any	 un-
expected	 findings.	 Motivate	 any	 change	 to	 the	 initial	 list	 of	
endpoints	 and	 its	 hierarchy	 at	 the	 end	 of	 the	 experiment,	 but	
before	 the	 statistical	 analysis.
2.	 Already	at	 the	design	 stage,	 a	 logical tree for the analysis shows 
should	have	been	prepared,	specifying	how	data	will	be	preproc-
essed	(data preprocessing steps,	Method	type	1),	how	effects will 
be	estimated	from	the	data	by	statistical	analysis	(statistical analy-








therefore,	 the	chosen	 tree	 should	be	motivated.	 In	 the	analysis	
stage,	check	and	if	necessary	update	the	logical	tree	for	the	analy-
sis	of	all	observed	endpoints.	Motivate	any	change.
a	 For	 count	data,	 a	 typical	way	of	preprocessing	 the	data	 is	 to	
sum	 over	 primary	 levels,	 for	 example,	 over	 individual	 time	
points	to	obtain	year	totals,	or	over	individual	taxa	to	obtain	
totals	for	functional	groups.
b	 Indicate	the	nature of the statistical analysis steps	in	the	logical	
tree	as	being	a	statistical	analysis	(SA,	where	the	effects	are	
calculated	at	 the	same	 level	as	 the	data),	a	statistical	hierar-





c	 Indicate	the	nature of the equivalence analysis integration steps 




3.	 Present	 the	 results	of	 the	statistical	analyses	by	graphical	 sum-
maries	of	estimated	effects	and,	if	deemed	useful,	of	LoC‐scaled	
differences	or	concern	quotients	CQ	(Section	2.5.4).
2.5.2 | Statistical analysis of single endpoints
The	 basic	 approach	 is	 to	 calculate	 estimates	 and	 90%	 confidence	
intervals	 for	 effects	 (GMO	 vs.	 CMP	 differences,	 expressed	 on	 an	
appropriate	scale),	 and	 then	compare	 these	 to	 the	 (possibly	provi-
sional)	 limits	of	concern	which	were	specified	during	the	design	of	
the	experiment.
1.	 The	 method	 of	 statistical	 analysis	 depends	 on	 the	 type	 of	 end-
point.	 For	 continuous	 endpoints	 with	 necessarily	 positive	 values,	
it	 is	 recommended	 to	perform	an	analysis	on	 the	 log‐transformed	
data.	For	discrete	endpoints	such	as	count	data	and	fraction	data,	
it	 is	 recommended	 to	 perform	 an	 analysis	 on	 the	 original	 scale	





















6.	 Extract	 the	 estimated	 difference	 between	 the	 GMO	 and	 CMP	





2.5.3 | Statistical analysis integrating 
multiple endpoints
1.	 The	 use	 of	 SHA	 or	 SMA	 is	 only	 logical	 if	 LoCs	 are	 defined	
for	 the	 integrated	 output	 or	 if	 LoCs	 are	 equal	 for	 all	 individual	
endpoints.
2.	 Integration	 over	 multiple	 endpoints	 may	 be	 automatically	 per-
formed	 in	 a	 statistical	 hierarchical	 analysis	 (SHA)	model	 as	 de-
scribed	in	Section	2.5.2.	Perform	a	statistical	meta‐analysis	(SMA)	
if	requested	by	the	logical	tree	for	analysis.	For	this,	consider	the	




2.5.4 | Graphical representation of effects
1.	 For	 each	 endpoint,	 plot point estimates and 90% confidence 
intervals of estimated effects,	 together	with	 lines	for	the	equality	
ratio	 1	 and	 for	 the	 LoCs.	 In	most	 cases,	 plots	 on	 a	 logarithmic	
scale	 are	 advised.	 The	 90%	 limits	 of	 the	 interval	 represent	 a	
5%	significance	 level	for	equivalence	testing	 in	a	two	one‐sided	
tests	 (TOST)	 approach.
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2.	 Visualize	possible	groupings	in	the	hierarchy	which	are	of	interest	
as	specified	in	the	logical	tree	for	analysis.




regarding	the	statistical significance of the difference	between	the	
GMO	 and	 the	 CMP.	Note	 that	 this	 implicitly	 employs	 a	 signifi-
cance	level	of	10%	for	a	two‐sided	difference	test.	Use	different	
symbols	or	colors	for	significant	differences.




3  | C A SE STUDY: NONTARGET 
ORGANISMS IN POTATO FIELD TRIAL S
Field	trials	with	potato	were	performed	in	Ireland	and	the	Netherlands	
in	 2013	 and	 2014	 (Kessel	 et	 al.,	 2018;	 Lazebnik,	 Dicke,	 Braak,	 &	
Loon,	2017)	and	are	summarized	in	Table	2.	The	main	purpose	was	
to	compare	a	cisgenically	modified	late	blight	resistant	potato	line,	
called	 A15‐13	 (GMO),	 with	 its	 conventional	 comparator	 cultivar	























3.1 | Hierarchies to analyze NTOs in the four 
potato trials
Figure	5	shows	three	examples	of	hierarchies	for	analyzing	the	NTO	
data.	 Details	 of	 the	 steps	 depicted	 in	 Figure	 5	 and	 their	 implicit	


















due	 to	 low	 abundances,	 have	 a	 lower	 weight	 in	 the	meta‐
analysis.	This	implies	that	the	overall	effect	is	dominated	by	






likely	 than	 not.	 This	 would	 give	 a	 single	 result	 for	 each	 site	
for	each	year,	which	could	be	used	for	site‐	and	year‐specific	
decisions.








Number of plots (blocks) Ireland Netherlands
Genotype Spraying 2013 2014 2013 2014
A15‐13	(GMO) Weekly 6 6 7 7
A15‐13	(GMO) No	spraying 6 6 7 7
A15‐13	(GMO) IPM2.0 6 6 7 7
Désirée	(CMP) Weekly 6 6 7 7
Désirée	(CMP) No	spraying 6 6 7 7
Désirée	(CMP) IPM2.0 6 6 7 7
SarpoMira Weekly 6 6 7 7
SarpoMira No	spraying 6 6 7 7
SarpoMira IPM2.0 6 6 7 7
Note.	The	comparison	of	main	interest	for	safety	assessment	is	shown	in	
the	two	rows	with	a	gray	background.







B.3	 SHA:	 A	 statistical	 hierarchical	 analysis	 is	 performed	 to	 esti-
mate	the	effect	for	each	functional	group	while	averaging	over	
years	 and	 sites	 (e.g.,	 summarizing	 results	 at	 European	 scale).	
This	 implicitly	 assumes	 that	 there	 is	 only	 interest	 in	 a	 cross‐
environment	 estimate	 of	 effects	 and	 that	 negative	 effects	 in	








the	 effect	 for	 each	 taxon	 while	 averaging	 over	 time	 points,	
years,	 and	sites.	This	 implicitly	assumes	 there	 is	only	 interest	
in	 a	 cross‐environment	 estimate	of	 effects	 and	 that	 negative	
effects	 in	 one	 environment	 can	 be	 compensated	 by	 positive	
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effects	 in	another	environment.	 It	 also	assumes	 that	national	
decisions	are	not	of	interest.













3.2 | Safety assessment for NTOs in the 
potato trials
The	 analysis	 according	 to	 hierarchy	 A	 provides	 the	 most	 detail	
and	is	presented	below.	In	step	A1,	the	counts	for	each	taxon	are	









3.2.1 | Estimation of the difference between 











the	main	effects	model	“Block + Spraying + Genotype.”	 It	 is	custom-
ary	to	use	this	main	effects	model	in	case	the	interaction	is	not	sig-
nificant.	However,	 the	 interaction	between	Genotype	 and	Spraying 
has	four	degrees	of	freedom	and	also	involves	the	additional	variety	
SarpoMira	which	is	of	no	interest	for	the	main	comparison	between	




testing	 of	 the	 interaction.	 The	 remaining	 interaction	 is	 then	 be-
tween	GMO/CMP	on	the	one	hand	and	Spraying	on	the	other	hand.	
Moreover,	 the	Spraying	 treatment	 “None”	 can	be	 fully	 responsible	




1.	 Test	 for	 the	 interaction	between	GMO/CMP	and	Spraying	 (with	
three	 levels)	 which	 has	 two	 degrees	 of	 freedom.	 In	 case	 this	
interaction	 is	 not	 significant,	 compare	 the	 GMO	 and	 CMP	 av-




and	 CMP	 averaged	 over	 the	 two	 Spraying	 levels	 Weekly	 and	
IPM2.0.	Otherwise	go	to	3.
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3.2.3 | Integrated analysis
Step	 A3	 involves	 a	 meta‐analysis	 for	 each	 functional	 group	 for	
each	 site/year	 combination.	 This	 is	 not	 useful	 when	 there	 are	
only	a	few	taxa	within	a	functional	group.	The	meta‐analysis	was	
therefore	 only	 carried	 out	 for	 those	 functional	 groups	with	 four	
or	more	taxa.	In	case	the	functional	group	has	three	or	fewer	spe-
cies,	the	estimated	effect	for	the	sum	was	taken.	This	was	the	case	
for	 Hyperparasitoids	 and	 Fungivores	 in	 all	 four	 experiments	 and	
Herbivores	 in	 the	 Netherlands	 2013.	 Limits	 of	 concern	 for	 esti-
mated	overall	effect	 for	 the	meta‐analysis	were	again	 tentatively	
set	to	0.5	and	2	and	for	the	estimated	effect	for	the	sum	as	before.	
Confidence	 intervals	 are	 given	 in	 Figure	 10	 for	 the	 ratios	 and	 in	




in	 the	NL‐2014	 trial	 the	 estimated	 effect	 for	 Fungivores	 has	 the	
opposite	sign.
In	 step	A4,	 an	equivalence	analysis	 (EAall)	 separately	per	 site	
and	 year	 reveals	 that	 equivalence	 is	 established	 for	 IR‐2013,	
IR‐2014,	 and	NL‐2014,	 but	 not	 for	 NL‐2013	 due	 to	 the	 outlying	















The	definition	of	appropriate	 limits	of	 concern	 for	ecological	end-
points	 is	 a	 fundamental	 requirement	 to	 evaluate	 equivalence	
between	treatments	during	ERA.	The	importance	of	setting	appro-
priate	limits	of	concern	has	been	recognized	by	EFSA	(EFSA,	2010b).	
F I G U R E  1 0  90%	confidence	interval	resulting	from	a	meta‐analysis	for	functional	groups	for	arthropods	data	in	potato	field	trials.	Meta‐
analysis	is	only	performed	for	those	functional	groups	with	four	or	more	taxa.	For	other	groups,	the	interval	for	the	sum	counts	is	given.	
Points	outside	the	LoCs	(red	lines)	are	colored	red,	and	points	inside	the	LoCs	for	statistically	significant	differences	are	colored	blue
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However,	 there	 is	 some	ambiguity	about	 the	 intended	meaning	of	
this	concept.	On	the	one	hand,	LoCs	are	defined	as	“the	minimum	







take	one	of	 two	 forms.	For	 studies	 in	 the	environ-
ment(s)	that	are	controlled	[...]	the	limits	of	concern	
will	 usually	 be	 trigger	 values	 which,	 if	 exceeded,	
will	either	 lead	to	conclusions	on	risks	or	the	need	
for	further	assessment	in	receiving	environment(s).	
For	 field	 studies,	 the	 limits	 of	 concern	will	 reflect	
more	 directly	 the	 minimum	 effect	 that	 is	 consid-





In	 this	 quote,	 two	 study	 types	 are	 identified:	 controlled	 studies	
(semifield	trials,	e.g.,	using	cages	in	the	field)	and	field	studies.	Despite	
some	difference	in	wording,	in	both	cases	LoC	is	functioning	as	a	trig-





1.	 Toxicity	 limits,	 that	 is,	 context‐dependent	 concepts	 indicating	












F I G U R E  11  Confidence	intervals	for	GMO	versus	CMP	differences	per	functional	group	expressed	as	LoC‐scaled	differences	(LoCSDIF,	
left)	and	as	Concern	Quotients	(CQ,	right).	The	green	areas	indicate	equivalence	or	no	concern.	Points	outside	[−1,+1]	(red	lines)	are	colored	
red,	and	points	inside	the	LoCs	for	statistically	significant	differences	are	colored	blue.

















case	 study,	we	employed	μ0	=	10	without	 any	 justification.	A	pro-
spective	power	analysis,	for	example,	with	different	count	distribu-










(often	 the	 log	 scale),	 as	 in	 Figures	 6‒10.	 These	 effects,	 and	 their	
confidence	 limits,	 can	 be	 standardized	 by	 scaling	 to	 a	 no‐concern	
yardstick,	which	 represents	a	minimum	 limit	of	potential	biological	
relevance,	that	is,	the	limit	of	concern	(LoC).	The	resulting	LoCSDIF	
scale,	as	 in	Figure	11,	has	 the	 (visual)	advantage	 that	all	endpoints	










For	 integration	over	 time,	 space	and/or	endpoints	 some	 form	
of	MCDA	are	commonly	needed.	 In	this	paper,	the	assessment	of	
equivalence	 was	 done	 by	 checking	 whether	 all	 point	 estimates	
or	 confidence	 intervals	 were	 inside	 their	 limits	 of	 concern	 (EAall 
method).	 This	 is	 a	 rather	 strict	 and	 simple	 assessment	 in	 which	
“bad”	 scores	 for	 an	 endpoint	 cannot	 be	 compensated	 by	 “good”	
scores	for	another	endpoint.	The	alternative	was	taking	the	aver-
age	 (EAav);	 that	 is,	 bad	 scores	 for	 one	 indicator	 can	 be	 compen-
sated	 by	 good	 scores	 for	 another.	More	 flexible	MCDA	methods	
do	 exist.	 For	 example,	 the	 balance	 of	 acceptability	model	 allows	
intermediate	approaches	between	EAall	and	EAav	by	specification	
of	 a	 compensability	 parameter	 (van	 der	 Voet	 et	 al.,	 2014).	 This	












can	 support	 a	 transparent	 analysis	 of	 nontarget	 organisms’	 eco-
logical	data	in	order	to	evaluate	equivalence.	The	results	highlight	
the	 importance	of	setting	 limits	of	concern	as	equivalence	 limits	
for	safety	assessment.
ACKNOWLEDG MENTS
This	 is	 publication	No.	 40	 produced	 by	 the	 project	Assessing	 and	
Monitoring	 the	 Impacts	 of	 Genetically	 Modified	 Plants	 on	 Agro‐
ecosystems	 (AMIGA),	 funded	by	 the	European	Commission	 in	 the	
Framework	Programme	7	under	grant	agreement	no.	289706.	We	
gratefully	acknowledge	the	input	and	help	from	AMIGA	partners.
CONFLIC T OF INTERE S T
None	declared.
AUTHOR CONTRIBUTIONS
HvdV	 and	 PWG	 devised	 the	 statistical	 methods	 and	 calculations.	
HvdV	wrote	the	draft	paper.	PWG	performed	the	calculations	and	
prepared	the	graphs.	JL	collected	the	arthropod	count	data.	GJTK	
and	EW	supervised	 the	 field	 trials	 in	 the	Netherlands	and	 Ireland,	
respectively.	 JJAvL	 classified	 the	 taxa	 into	 functional	 groups	 and	




DATA ACCE SSIBILIT Y
Arthropod	 count	 data	 and	 analysis	 programs	 are	 available	 at	 the	
Dryad	Digital	Repository:	https://doi.org/10.5061/dryad.72048tr.
ORCID
Hilko van der Voet  https://orcid.org/0000‐0003‐0802‐7382 
     |  19van der vOeT eT al.










genetically	 modified	 plants	 on	 agro‐ecosystems:	 The	 approach	
of	 AMIGA	 project.	 Entomologia,	 2,	 154.	 https://doi.org/10.4081/
entomologia.2014.154







Duan,	 J.	 J.,	 Head,	 G.,	 Jensen,	 A.,	 &	 Reed,	 G.	 (2004).	 Effects	 of	 trans-
genic	Bacillus thuringiensis	potato	and	conventional	 insecticides	 for	
Colorado	 Potato	 Beetle	 (Coleoptera:	 Chrysomelidae)	 management	
on	the	abundance	of	ground	dwelling	arthropods	in	Oregon	potato	





Guidance	 on	 the	 environmental	 risk	 assessment	 of	 genetically	
modified	 plants.	 EFSA Journal,	 8,	 1879.	 https://doi.org/10.2903/j.
efsa.2010.1879
Gaston,	K.	 J.,	&	McArdle,	B.	H.	 (1994).	The	 temporal	 variability	of	 an-
imal	 abundances:	 Measures,	 methods	 and	 patterns.	 Philosophical 
Transactions of the Royal Society B: Biological Sciences,	 345(1314),	
335–358.	https://doi.org/10.1098/rstb.1994.0114
Goedhart,	P.	W.,	&	van	der	Voet,	H.	(2014).	Environmental Risk Assessment 
of Genetically Modified Organisms: Simulation study to investigate 







Hardy,	 R.	 J.,	 &	 Thompson,	 S.	 G.	 (1996).	 A	 likelihood	 approach	 to	
meta‐analysis	 with	 random	 effects.	 Statistics in Medicine,	 15,	
619–629.	 https://doi.org/10.1002/(SICI)1097‐0258(19960330) 
15:6<619:AID‐SIM188>3.0.CO;2‐A
Hothorn,	 L.	 A.,	 &	 Oberdoerfer,	 R.	 (2006).	 Statistical	 analysis	 used	 in	
the	nutritional	assessment	of	novel	 food	using	the	proof	of	safety.	
Regulatory Toxicology and Pharmacology,	 44,	 125–135.	 https://doi.
org/10.1016/j.yrtph.2005.10.001
Kang,	Q.,	&	Vahl,	C.	I.	(2014).	Statistical	analysis	in	the	safety	evaluation	
of	 genetically	modified	 crops:	 Equivalence	 tests.	Crop Science,	54,	
2183–2200.	https://doi.org/10.2135/cropsci2014.01.0011
Kang,	S.,	Ma,	W.,	Li,	F.	Y.,	Zhang,	Q.,	Niu,	J.,	Ding,	Y.,	…	Sun,	X.	 (2015).	
Functional	 redundancy	 instead	 of	 species	 redundancy	 determines	
community	stability	in	a	typical	steppe	of	Inner	Mongolia.	PLoS ONE,	
10,	e0145605.	https://doi.org/10.1371/journal.pone.0145605
Kessel,	G.	 J.	 T.,	Mullins,	 E.,	 Evenhuis,	A.,	 Stellingwerf,	 J.,	Ortiz	Cortes,	
V.,	Phelan,	S.,	…	Lotz,	L.	A.	P.	(2018).	Development	and	validation	of	
IPM	strategies	for	the	cultivation	of	cisgenically	modified	late	blight	




confidence	 intervals.	 Journal of Statistical Planning and Inference,	
115,	103–121.	https://doi.org/10.1016/S0378‐3758(02)00153‐2
Lazebnik,	 J.,	Dicke,	M.,	 ter	 Braak,	 C.	 J.	 F.,	 &	 van	 Loon,	 J.	 J.	 A.	 (2017).	
Biodiversity	analyses	for	risk	assessment	of	genetically	modified	po-
tato.	Agriculture, Ecosystems and Environment,	249,	196–205.	https://
doi.org/10.1016/j.agee.2017.08.017
Legendre,	P.,	&	Legendre,	L.	(1998).	Numerical ecology, second English edi-





McCullagh,	P.,	&	Nelder,	J.	A.	 (1989).	Generalized linear models,	2nd	ed.	
London,	UK:	Chapman	and	Hall.
Meyners,	 M.	 (2012).	 Equivalence	 tests	 –	 A	 review.	 Food Quality 




O'Hara,	R.	B.,	&	Kotze,	D.	 J.	 (2010).	Do	not	 log‐transform	count	data.	




of	 genetically	 modified	 herbicide‐tolerant	 crops.	 Journal of 
Applied Ecology,	 40,	 17–31.	 https://doi.org/10.1046/j.1365‐ 
2664.2003.00786.x
Perry,	 J.	 N.,	 ter	 Braak,	 C.	 J.	 F.,	 Dixon,	 P.	 M.,	 Duan,	 J.	 J.,	 Hails,	 R.	 S.,	
Huesken,	A.,	…	van	der	Voet,	H.	(2009).	Statistical	aspects	of	envi-
ronmental	 risk	 assessment	of	GM	plants	 for	 effects	on	non‐target	





statistical	 power.	 Environmental Entomology,	 37,	 1–10.	 https://doi.
org/10.1603/0046‐225X(2008)	37[1:SONATF]2.0.CO;2
Rosenfeld,	 J.	 (2002).	 Functional	 redundancy	 in	 ecol-




bioavailability.	Journal of Pharmacokinetics and Biopharmaceutics,	15,	
657–680.	https://doi.org/10.1007/BF01068419
Sileshi,	 G.	 (2006).	 Selecting	 the	 right	 statistical	 model	 for	 analysis	 of	
insect	count	data	by	using	 information	theoretic	measures.	Bulletin 
of Entomological Research,	 96,	 479–488.	 https://doi.org/10.1079/
BER2006449
Szöcs,	 E.,	 &	 Schäfer,	 R.	 B.	 (2015).	 Ecotoxicology	 is	 not	 normal.	








risk	assessment	of	genetically	modified	plants.	Agricultural and Forest 
Entomology,	17,	164–172.	https://doi.org/10.1111/afe.12092
20  |     van der vOeT eT al.
van	 der	 Voet,	 H.,	 Goedhart,	 P.	W.,	 &	 Schmidt,	 K.	 (2017).	 Equivalence	
testing	 using	 existing	 reference	 data:	 An	 example	with	 genetically	
modified	 and	 conventional	 crops	 in	 animal	 feeding	 studies.	 Food 




modified	 and	 reference	 plant	 varieties.	BMC Biotechnology,	11,	 15.	
https://doi.org/10.1186/1472‐6750‐11‐15
van	 der	 Voet,	 H.,	 van	 der	 Heijden,	 G.	W.	 A.	 M.,	 Kruisselbrink,	 J.	W.,	








VSN	 International	 (2017).	 Genstat for Windows,	 19th	 ed.	 Hemel	
Hempstead,	UK:	VSN	 International.	 Retrieved	 from	www.GenStat.
co.uk
Warton,	D.	I.	(2018).	Why	you	cannot	transform	your	way	out	of	trouble	
for	 small	 counts.	Biometrics,	74,	 362–368.	https://doi.org/10.1111/
biom.12728
SUPPORTING INFORMATION
Additional	 supporting	 information	 may	 be	 found	 online	 in	 the	
Supporting	Information	section	at	the	end	of	the	article.		




Ecol Evol. 2019;00:1–20. https://doi.org/10.1002/ece3.4964
